Diffusion magnetic resonance imaging (dMRI) is widely used to probe tissue microstructure, and is currently the only non-invasive way to measure the brain's fiber architecture. While a large number of approaches to recover the intra-voxel fiber structure have been utilized in the scientific community, a direct, 3D, quantitative validation of these methods against relevant histological fiber geometries is lacking. In this study, we investigate how well different high angular resolution diffusion imaging (HARDI) models and reconstruction methods predict the ground-truth histologically defined fiber orientation distribution (FOD), as well as investigate their behavior over a range of physical and experimental conditions. The dMRI methods tested include constrained spherical deconvolution (CSD), Q-ball imaging (QBI), diffusion orientation transform (DOT), persistent angular structure (PAS), and neurite orientation dispersion and density imaging (NODDI) methods. Evaluation criteria focus on overall agreement in FOD shape, correct assessment of the number of fiber populations, and angular accuracy in orientation. In addition, we make comparisons of the histological orientation dispersion with the fiber spread determined from the dMRI methods. As a general result, no HARDI method outperformed others in all quality criteria, with many showing tradeoffs in reconstruction accuracy. All reconstruction techniques describe the overall continuous angular structure of the histological FOD quite well, with good to moderate correlation (median angular correlation coefficient > 0.70) in both single-and multiple-fiber voxels. However, no method is consistently successful at extracting discrete measures of the number and orientations of FOD peaks. The major inaccuracies of all techniques tend to be in extracting local maxima of the FOD, resulting in either false positive or false negative peaks. Median angular errors are~10 for the primary fiber direction and~20 for the secondary fiber, if present. For most methods, these results did not vary strongly over a wide range of acquisition parameters (number of diffusion weighting directions and b value). Regardless of acquisition parameters, all methods show improved successes at resolving multiple fiber compartments in a voxel when fiber populations cross at nearorthogonal angles, with no method adequately capturing low to moderate angle (<60 ) crossing fibers. Finally, most methods are limited in their ability to capture orientation dispersion, resulting in low to moderate, yet statistically significant, correlation with histologically-derived dispersion with both HARDI and NODDI methodologies. Together, these results provide quantitative measures of the reliability and limitations of dMRI reconstruction methods and can be used to identify relative advantages of competing approaches as well as potential strategies for improving accuracy.
Introduction
Diffusion magnetic resonance imaging (dMRI) has proven a valuable neuroscience tool due to its unique ability to provide information about tissue composition, microstructure, and structural connectivity of the brain non-invasively (Basser and Pierpaoli, 1996; Johansen-Berg and Behrens, 2014) . In the white matter, the diffusion-driven displacements of water molecules are hindered by the organization of intra and extra-cellular tissue components (Beaulieu, 2002) , making it possible to infer the distribution of neuronal fiber orientations in each voxel from a set of diffusion measurements, an object often referred to as the fiber orientation distribution (FOD). Fiber tractography can then be performed by following these fiber orientation estimates from voxel to voxel throughout the brain in order to reconstruct the structural connections between different brain areas (Mori et al., 1999; Mori and van Zijl, 2002) .
There are a number of assumptions and uncertainties that can affect the ability of fiber tractography to faithfully represent the true axonal connections of the brain. The most obvious potential source of error is in the inference of fiber orientation in each MRI voxel (Jbabdi et al., 2015; Jones and Cercignani, 2010) . The challenge here lies in the fact that axons have diameters in the micron range, while a typical MRI voxel can be on the order of millimeters and contain hundreds of thousands of axons (Aboitiz et al., 1992; Van Essen and Ugurbil, 2012 ) with a wide range of possible configurations, which makes the mapping from diffusion signal to axon orientation an ill-posed problem (where many patterns are likely to give rise to the same MRI measurement). In addition, the choice of dMRI reconstruction method in combination with experimental conditions, including the number of diffusion weighted images (DWIs) and the amount of diffusion weighting (the "b-value"), are expected to result in different inferences of the fiber geometry in each voxel. Because these estimates of fiber orientation form the input to nearly all fiber tracking algorithms, it is critical that the validity of experimentally estimated orientation information be checked and quantified against the true physical geometry of fibers under investigation.
Diffusion tensor imaging (DTI), the first reconstruction method to allow mapping of fiber orientations throughout the brain, models diffusion as a 3D Gaussian distribution (Basser et al., 1994) . While the fiber orientation estimates from DTI have been validated in large coherent fiber bundles, a significant limitation of DTI is that it cannot adequately capture the underlying structure in voxels containing complex white matter architectures or multiple fiber populations. This "crossing fiber" problem has motivated the development of a large number of reconstruction methods which aim to resolve multiple fiber orientations and recover complex fiber configurations (Aganj et al., 2010; Anderson, 2005; Assaf and Basser, 2005; Canales-Rodriguez et al., 2010; Dell'acqua et al., 2010; Descoteaux et al., 2007; Jansons and Alexander, 2003; Ozarslan et al., 2006; Tournier et al., 2004 Tournier et al., , 2007 Tuch, 2004; Wedeen et al., 2005) . These algorithms, typically referred to as high angular resolution diffusion imaging (HARDI) methods, differ in a number of aspects, including acquisition requirements, fundamental assumptions on diffusion processes, and the representation of orientation information. Some techniques estimate the FOD directly, whereas others estimate a diffusion orientation distribution function (dODF) describing the probability of diffusion in a given direction, with the assumption that fiber orientations coincide with the peaks of the dODF. Finally, while some reconstruction methods do not explicitly model diffusion in white matter, others model distinct tissue compartments and fiber populations separately. For example, a common compartmental model, termed NODDI (neurite orientation dispersion and density imaging) (Zhang et al., 2012) , utilizes a fiber orientation dispersion index (ODI) to characterize the geometrical angular variation of the fiber populations. Similarly, measures of dispersion can be extracted from the FOD and ODF directly (Dell'Acqua et al., 2013; Raffelt et al., 2012; Riffert et al., 2014) as a way to characterize the fiber geometry in a voxel. Due to the large number of reconstruction methods, and differences among them, a direct validation and comparison among techniques remains very difficult.
The validation method of choice for most reconstruction algorithms (Aganj et al., 2010; Canales-Rodriguez et al., 2009; Descoteaux et al., 2007; Ozarslan et al., 2006; Tournier et al., 2007; Tuch et al., 2002) , or comparison of algorithms (Alexander, 2005; Daducci et al., 2014) , is through numerical simulations. Simulations offer the versatility of assessing performance across a broad range of physical and experimental conditions. However, they rely on assumptions and approximations to generate the modeled dMRI signal that are likely to be oversimplifications of complex biological tissue. Physical phantoms add additional complexity and realism to the validation process by incorporating practical effects of image acquisition. Yet, these synthetic fiberbased (Farrher et al., 2012; Fieremans et al., 2008) and capillary-based (Lin et al., 2003; Yanasak and Allison, 2006) phantoms can still fail to replicate the biological characteristics of brain tissue, including membrane permeability, axon diameters, and the geometric complexity of the central nervous system. Finally, validation of orientation information has been performed by comparisons with the results of histological analysis (Choe et al., 2012; Gangolli et al., 2017; Leergaard et al., 2010; Seehaus et al., 2015) . While offering exquisite detail of the tissue microstructure, these studies have been limited to two-dimensional analysis of tissue sections, restricting investigation to only those fibers oriented parallel to the plane of sectioning. Recently, several groups have explored the use of confocal microscopy (Jespersen et al., 2012; Schilling et al., 2016) , optical coherence tomography (Wang et al., 2015) , and polarized light imaging (Axer et al., 2016; Mollink et al., 2017) as a means of extracting the 3D histological FOD for direct comparison with dMRI. Despite these advances, most histological validation studies have studied only a few axonal tracts or MRI voxels, and none have investigated the performance of multiple reconstruction algorithms, nor studied the effect of varying acquisition parameters on their performance.
Thus, there is a need to characterize the distribution of neuronal fibers in 3D using histology and make direct comparisons to the corresponding dMRI estimated orientation distributions. With this in mind, the aim of this study is to determine how well different dMRI models and reconstruction methods predict the ground truth FODs, as well as investigate the effect of fiber geometry, b-value, and number of gradient directions on the accuracy of the reconstruction methods. This is done by extracting the ground truth FOD from 3D confocal data of ex vivo tissue followed by spatial registration of the dMRI data to the z-stacks to facilitate comparisons of the same tissue volume. The results of this study are measures of reliability and accuracy of competing intra-voxel fiber reconstruction methods, as well as highlights of the relative merits and limitations of state-of-the-art techniques for analysis of dMRI data.
Methods

MRI acquisition
All animal procedures were approved by the Vanderbilt University Animal Care and Use Committee. Diffusion MRI experiments were performed on three adult squirrel monkey brains that had been perfused with physiological saline followed by 4% paraformaldehyde. The brain was then immersed for 3 weeks in phosphate-buffered saline (PBS) medium with 1 mM Gd-DTPA in order to reduce longitudinal relaxation time (D'Arceuil et al., 2007) . The brain was placed in liquid Fomblin (California Vacuum Technology, CA) and scanned on a Varian 9.4 T, 21 cm bore magnet using a quadrature birdcage volume coil (inner diameter ¼ 63 mm).
Diffusion data were acquired with a 3D spin-echo diffusion-weighted EPI sequence (TR ¼ 410 ms; TE ¼ 41 ms; NSHOTS ¼ 4; NEX ¼ 1; Partial Fourier k-space coverage ¼ 0.75) at 300 μm isotropic resolution. Diffusion gradient pulse duration and separation were 8 ms and 22 ms, respectively, and the b-value was set to 6000 s/mm2. This value was chosen due to the decreased diffusivity of ex vivo tissue, which is approximately a fourth of that in vivo (Dyrby et al., 2011; Schilling et al., 2017b) , and is expected to closely replicate the signal attenuation profile for in vivo tissue with a b-value of approximately 1500 s/mm2. A gradient table of 100 uniformly distributed directions (Caruyer et al., 2013) was used to acquired 100 diffusion-weighted volumes with four additional image volumes collected at b ¼ 0. Unless otherwise noted, all analysis was performed on this dataset.
In order to assess the effects of diffusion weighting on reconstruction accuracy, the full diffusion acquisition was repeated with b-values of 3,000, 9,000, and 12,000 s/mm2, while keeping all other acquisition parameters (including diffusion times) constant.
Histological procedures
Here, we aim to extract the histological FOD from 3D confocal zstacks in areas equivalent to the size of an MRI voxel. To do this, we utilized an image processing technique, structure tensor analysis (Bigun and Granlund, 1987) , which results in an orientation estimate for every pixel in the 3D z-stack that is occupied by a fiber.
Following the methodology described in (Schilling et al., 2016) , histological procedures consisted of tissue sectioning and staining, confocal acquisition, and confocal pre-processing. After MR imaging, the brain was sectioned on a cryomicrotome at a thickness of 50 μm in the coronal plane. Using a Canon EOS20D (Lake Success, NY, USA) digital camera, the tissue block was digitally photographed prior to cutting every third section, resulting in a 3D "block-face" volume with a through-plane resolution of 150 μm. Tissue sections were mounted on glass slides and stained with the fluorescent lipophilic dye, "DiI" (1, 1 0 -dioctadecyl-3,3,3 0 3 0 -tetramethylindocarbocyanine perchlorate) diluted in 100% ethanol at 0.25 mg/mL.
Slides were imaged using an LSM 710 confocal microscope (Carl Zeiss, Inc. Thornwood, NY. USA). For all selected tissue slices, confocal acquisition consists of two protocols: [1] creating a 2D montage of the entire tissue section and [2] constructing a 3D high-resolution image in a selected region of interest. The 2D montage (Fig. 1A) consists of approximately 600-900 individual tiles acquired using a 10Â oil objective at a resolution of 0.80 μm 2 , which are stitched together using Zeiss software, ZEN 2010. This 2D montage is used for image registration, and for localizing the 3D high-resolution region of interest. The 3D z-stack ( Fig. 1B) was then collected using a 63Â oil objective at a nominal resolution of 0.18 μm Â 0.18 μm Â 0.42 μm, with an in-plane field of view of 900 μm Â 900 μm (equivalent to 9 MRI voxels). The through-plane resolution is the "optimal" slice-thickness, calculated from the LSM710 software based on a 1.0 Airy unit pinhole diameter and an excitation wavelength of 543 nm. Four slices were randomly selected for each monkey (12 total slices) for confocal imaging. For each slice, multiple regions of interest were chosen to image (using the above protocol) in order to capture both voxels with coherent single fiber populations, as well as expected regions of crossing fibers. This was done using prior anatomical knowledge of squirrel monkey white matter bundles. For crossing fiber regions, sampling was continued until a sample size of at least N > 10 was collected for each histogram bin of crossing angles, ranging from <30 to 90 , with a bin width of 10 .
During imaging, it was necessary to increase the laser output as deeper layers were imaged, due to increases in net light scatter and absorption at greater depths. The laser power was adjusted at approximately 5 different depths ranging from the coverslip to the end of the tissue, at each step ensuring that the image intensity covered the full 8-bit depth from 0 to 255 units. Stitching, again, was performed using ZEN 2010 software to create a single 3D z-stack. Finally, all confocal data were converted from the LSM file format to TIFF images and imported into MATLAB for further processing.
Prior to structure tensor analysis, four sources of anisotropy inherent to confocal microscopy must be accounted for (Fig. 1C) . Three corrections were performed directly on the z-stack prior to structure tensor analysis, and the final correction performed post-analysis (see Section 2.3). First, as previously described, attenuation correction was performed during acquisition by increasing laser power for deeper tissue layers in order to generate a z-profile that has a relatively constant mean intensity in each x-y plane. The second source of anisotropy arises from the confocal microscope's point spread function (PSF) (Pawley and Masters, 1996) , which was corrected using the iterative Lucy-Richardson deconvolution algorithm (Biggs and Andrews, 1997 ) and a computed theoretical model of the microscope's PSF (Pawley and Masters, 1996) .
Finally, cubic interpolation to isotropic resolution was performed to correct for the anisotropic acquisition resolution. This ensures that fibers oriented laterally in the image will contain an equivalent number of pixels per length as those oriented axially.
Histological FOD
Next, pixel-wise fiber orientations in the 3D z-stack were obtained via structure tensor analysis (Bigun and Granlund, 1987 ) (See Appendix A). After fiber orientations had been estimated, one final correction for anisotropy was performed. Tissue samples may shrink due to fixation and dehydration during the staining procedure (Wehrl et al., 2015; Williams et al., 1997) , which could bias fiber orientation estimates. We use a thickness measurement before acquisition of each 3D z-stack to perform a geometric correction to the orientation estimation for every pixel in the image by assuming linear shrinkage in the through-plane (z) direction. Tissue thickness is calculated as the difference between the highest and lowest stage position where fluorescence is observed from each individual z-stack field of view. Pixel-wise structure tensor orientations are re-oriented based on the correction factor calculated from the measured thickness and expected thickness (50μm). Once re-oriented, the results were thresholded using both image intensity and an orientation "certainty" value (see Appendix A) in order to exclude non-fiber areas and pixels where the orientation estimate is unreliable. This results in an orientation estimate for every pixel in our z-stack that is occupied by a fiber (Fig. 1D ).
The histological FOD was then computed as the histogram of the extracted fiber orientations, and fit to high order (20) spherical harmonic coefficients (SH) (Fig. 1E) . Throughout this paper, the FODs are displayed as 3D glyphs (Fig. 1F ) in the same way that the MRI-FOD's are typically displayed in literature.
Image registration
In order to make quantitative comparisons of the histological FODs with estimates derived from MRI, the data must be aligned and oriented appropriately. A multi-step registration procedure (Choe et al., 2011) was used to align histology to MRI data. The first step is registration of the 2D confocal montage (Fig. 1G) to the corresponding block face image (Fig. 1H ) using mutual information based 2D linear registration followed by 2D nonlinear registration using the adaptive bases algorithm (ABA) (Rohde et al., 2003) . Next, all block face photographs were assembled into a 3D block volume, and registered to the MRI b ¼ 0 image (Fig. 1I ) using a 3D affine transformation followed by 3D nonlinear registration with ABA. Given the location of the 3D z-stack in the 2D confocal montage, we can use the combined deformation fields to determine the MRI signal from the same tissue volume. The MRI signal of interest is analyzed in MRI native space using the chosen reconstruction method (Fig. 1I) , and transformed to histological space in order to facilitate comparisons with the histological FOD. To do this, we implement the preservation of principle directions strategy (Alexander et al., 2001 ) that takes into account rotation, scaling, and shearing effects of the spatial transformations, and can be applied to any orientation distribution on a sphere (Hong et al., 2009) . After these corrections, both the histological FOD and the MRI derived measure of interest (FOD or ODF, and derived metrics) are in histological space, and quantitative analysis can be performed. This multi-step registration procedure was validated in an earlier study (Choe et al., 2011) , which showed that the accuracy of the overall registration was approximately one MRI voxel (~0.3 mm) by comparing position errors between manually chosen landmarks in histological and MRI space. Further, the combination of registration and histological procedures (see Section 2.2) is similar to those utilized in (Schilling et al., 2016) , which showed an angular accuracy of approximately 5 , or less, in single fiber regions when compared to manually defined ground truth fiber orientations. . Image preprocessing (C) comprises light scatter and absorption correction, deconvolution, and interpolation, followed by structure tensor analysis. This is followed by geometric correction for tissue shrinkage and thresholding fibers. This results in an orientation estimate for every pixel in the z-stack occupied by a fiber, here shown as an RGB color map (D) where red, green, and blue represent fiber oriented right/left, anterior/posterior, and superior/inferior. Zooming in on the center voxel shows crossing fibers oriented primarily left/right and superior/inferior. Fitting the orientation distribution to spherical harmonic coefficients (E) results in the histologically defined ground truth FODs, displayed as 3D glyphs (F). The registration procedure involves 2D registration of the 2D confocal montage (G) to the corresponding frozen tissue block (H) and subsequent 3D registration to the non-diffusion weighted image (I). From this, the signal corresponding to the high-resolution z-stack can be determined and processed using a chosen reconstruction method for direct voxel-wise comparison of histology and dMRI.
MRI reconstruction methods
In this section, we give a brief description of the reconstruction models implemented in the study. Again, the focus is on those that attempt to describe the underlying fiber orientation information. Because of the large number of these techniques proposed in literature, the assessment presented in this work is not exhaustive, yet comprises some of the more commonly implemented reconstruction techniques. All MRI techniques resulting in a function over a sphere are represented as SH series, where the SH order is determined by the number of DWI's utilized in calculation, up to a maximum of order 8 . Unless otherwise noted, all reconstruction algorithms are implemented using the Matlab HARDI Toolbox (freely available at NeuroImageN.es) with default parameters.
DTI: the tensor models the diffusion propagator as a zero-mean Gaussian distribution in three-dimensions (Basser et al., 1994) . DTI is implemented in Camino Diffusion MRI Toolbox (Cook et al., 2006 ) using non-linear tensor fitting.
Q-ball Imaging, regularized (QBIr): QBI approximates the dODF using the Funk Radon transform of the measurements of diffusion attenuation on a single shell in q-space (single b-value) (Tuch, 2004) . QBIr incorporates Laplace-Beltrami regularization when solving for the Q-ball (Descoteaux et al., 2007) .
Q-ball Imaging, constant solid angle (QBIcsa): while related to QBIr, this function computes the mathematically correct formulation of the marginal probability of diffusion in a given direction (i.e. the dODF) by increasing the weighting of high-frequency orientation information with a quadratic weighting (compared to the linear formulation of QBIr) (Aganj et al., 2010) .
Diffusion orientation transform (DOT): using a slightly different function over a sphere, DOT approximates a single contour of the diffusion propagator at a fixed displacement radius (Ozarslan et al., 2006) . This function differs from the dODF in that it is not a radial projection of the propagator (i.e., the sum of all contours), but is still a function of the propagator. DOT is implemented using the Matlab HARDI Toolbox with the radius set to 7.5 μm (a value larger than the characteristic length, ffiffiffiffiffiffiffiffi 6Dt p % 5um, associated with the diffusion process, as suggested by (Ozarslan et al., 2006) ).
Diffusion orientation transform, revisited (DOTr1): DOTr1 uses the DOT formalism and a linear first-order radial projection of the diffusion propagator to estimate the ODF (Canales-Rodriguez et al., 2010) . Note that using a second-order radial projection, or quadratic weighting, in this case gives equivalent results to QBIcsa, so DOTr2 as proposed in (Canales-Rodriguez et al., 2010) is not included in this study.
Constrained spherical deconvolution, Richardson-Lucy regularization (CSDlrd): spherical deconvolution is based on the assumption that the diffusion signal from a single voxel can be modeled as a convolution between the FOD and the fiber response function that describes the signal profile due to a single coherently oriented fiber population (Anderson, 2005; Anderson and Ding, 2002; Tournier et al., 2004) , thus this method estimates the physical FOD directly. This implementation utilizes the damped Richardson-Lucy algorithm to condition the inverse problem (Dell'acqua et al., 2010) , and is implemented using the Matlab HARDI Toolbox with α ¼ 0.4 Â 10 À3 mm 2 /s for ex vivo imaging conditions (see Eq 3 in (Dell'acqua et al., 2010) ). Super resolved constrained spherical deconvolution (sCSD): sCSD implements a non-negativity constraint on the iterative spherical deconvolution, which allows an FOD estimate that preserves angular resolution while remaining robust to noise (Tournier et al., 2007) . sCSD is implemented using MRtrix3 software and response function estimation following that outlined in .
Persistent Angular Structure (PAS): using another function on the unit sphere, PAS MRI attempts to capture the angular structure of the diffusion propagator that persists over the most important range of diffusion displacements, and it is intended to reflect the angular structure of the FOD (Jansons and Alexander, 2003) . PAS was computed using Camino Diffusion MRI Toolbox with a PAS filter kernel r ¼ 1.4.
Neurite orientation dispersion and density imaging (NODDI): NODDI is the only compartmental diffusion model implemented in this study. NODDI models intra-cellular, extra-cellular, and CSF compartments. NODDI was chosen for this study because it includes a dispersion index (ODI) that describes the underlying FOD. To date, there has been no histological validation of the ODI derived from the NODDI model in the brain. Because NODDI requires 2 or more b-values, or shells, NODDI was implemented using the concatenation of all images, and is the only method in this study which utilizes more than one shell per implementation.
Orientation and fiber geometry measures
For each histological FOD, and all MRI reconstructions (FOD, ODF, etc.), a number of measures were extracted. First, a peak finding algorithm (Jeurissen et al., 2013; Tournier et al., 2004 ) was performed to identify distinct fiber populations, and the orientations of each. In order to avoid including small peaks introduced by noise (Jeurissen et al., 2013) , only peaks whose values are larger than a threshold percentage of the largest FOD/ODF value are counted (this threshold is often heuristically chosen -we have chosen 0.2 in this study, a value commonly seen in literature (Daducci et al., 2014) ). In this study, voxels where the histological FOD contains >1 local maxima (>1 peaks) are considered "crossing fiber" voxels while those with a single maximum are considered "single fiber" voxels. In the case of crossing fibers, we also calculate the intra-voxel crossing angle as the angular difference between the two peaks (i.e. fiber populations). The same peak finding procedures and fiber classification schemes are applied to both histological and MRI FODs (or ODFs). These procedures resulted in a sample size of 383 histologically defined single fiber voxels, and 181 crossing fiber geometries.
Next, measures of orientation dispersion were determined for each peak. The ODI is calculated by fitting a Watson (or a multi-Watson, if > 1 peak) directly to the SH representation of the function (Riffert et al., 2014) (Note that for the NODDI model the ODI is estimated as part of the model-fitting procedure). The Watson distribution, a spherical analogue of the Gaussian distribution, is described by two parameters, the mean orientation (or peak orientation), and a concentration parameter, κ. As in the NODDI model (Zhang et al., 2012) , κ is mapped to the ODI:
The ODI ranges from 1 for isotropic distributions, to 0 for perfectly parallel fibers.
Evaluation criteria
To assess the quality and accuracy of the reconstructions, we have implemented a variety of metrics that focus on [1] overall agreement in shape of the histological FOD and dMRI spherical function, [2] correct assessment of the number of fiber populations in each voxel, [3] angular error in orientation estimation, and [4] correlation between histological and MRI measures of dispersion or fiber spread.
In order to evaluate agreement in overall shape with the histological FOD, we implemented the angular correlation coefficient (ACC) and the Jensen-Shannon divergence (JSD) (See Appendix B for mathematical descriptions). The ACC, like the linear correlation coefficient, measures the degree to which two functions over a sphere are correlated and can be calculated directly from the spherical harmonic coefficients of the two functions (Anderson, 2005) . The JSD measures the distance between two probability distributions (in this case, over a sphere) and has been used in the dMRI literature to compare ODFs from different reconstruction methods (Chiang et al., 2008) , and to quantify reproducibility of dMRI algorithms (Cohen-Adad et al., 2011; Schilling et al., 2017c) . The JSD is bounded between 0 and 1, where lower values indicate greater similarity of distributions.
To assess the correct estimation of the number of fiber populations, we employ the commonly used success rate (SR) (Daducci et al., 2014) and consistency fraction (CF) (Alexander, 2005) . Here, a reconstruction algorithm is a "success" if it successfully detects all peaks identified with histology, within a given angular tolerance (in this study, 25
). A value of 20 has been previously employed in simulation studies (Daducci et al., 2014) ; our tolerance includes this 20 plus an additional uncertainty of 5 expected due to the registration and pre-processing steps (Schilling et al., 2016) . A voxel is then consistent if it successfully detects all histological peaks within a given angular tolerance (25 ) AND if the number of estimated peaks equals the number of peaks identified in histology. In both cases, a 1-to-1 correspondence is established between peaks in histology and dMRI, meaning that 2 histological peaks cannot be "successfully" identified by the same MRI peak, even if it happens to be within the given angular tolerance from both peaks. To understand reasons for non-successful or non-consistent voxels, we also calculated the number of false positive (FP) and number of false negative (FN) peaks identified with the given reconstruction method. The number of FP peaks in a voxel is the number of peaks in MRI that do not have a corresponding peak in histology (within an angular tolerance). The number of FN peaks is the number of histological peaks that do not have a corresponding peak in MRI (within an angular tolerance). The angular accuracy of orientation estimation is measured as the error (in degrees) between the estimated fiber directions and the histological FOD peaks, again ensuring a 1-to-1 mapping between histological and MRI peaks. The angular error is calculated separately (i.e. not averaged over a voxel) for the primary, and (if it exists) the secondary fiber orientations in a voxel.
Finally, to compare estimates of white matter dispersion from diffusion MRI to the true histological fiber dispersion, simple linear correlation coefficients were utilized.
We begin by implementing the above metrics in order to assess the effects of fiber geometry on reconstruction accuracy. Specifically, we first computed metrics in single fiber and crossing fiber regions for all methods. To further elucidate limitations in crossing fiber regions, we assess the quality metrics as a function of the intra-voxel crossing angle. We then investigate the effects of fiber dispersion on angular error and MRI ODI estimates. Next, we examine the effects of the number of DWIs acquired on reconstruction accuracy. To do this, the full 100 gradient directions were re-ordered to minimize the electrostatic potential energy of any partial set of "N" directions, ensuring that these "N" directions are maximally uniformly distributed (Cook et al., 2007) . From this, subsets of DWIs from 20 to 100 directions (in increments of 4) were created and quality assessed using the above metrics. Finally, we end by investigating the effects of b-value on accuracy and quality of reconstruction.
Results
Effects of fiber geometry on reconstruction accuracy
Qualitative results
Representative confocal data are shown in Fig. 2 for a single fiber region (A), and a crossing fiber region (B) that contains two local maxima in the histologically defined FOD. The 2D confocal montage highlights where the 3D z-stack was acquired. A zoomed-in view of the middle voxel-equivalent (Fig. 2, middle column) shows the high-resolution of the confocal data, in which individual myelinated axons are discernible. The results from structure tensor analysis are shown as color-coded maps (Fig. 2, right column) where each axon contributes to the voxel-wise FOD, overlaid on the image as a 3D glyph. The single fiber region Results from structure tensor analysis are shown as color-coded images (with colors scheme as described in Fig. 1) , with the histologically-defined FOD overlaid as 3D glyphs (right).
( Fig. 2A) is composed of fibers coherently oriented in the left/right direction, while the crossing fiber region (Fig. 2B) is predominantly composed of fibers oriented left/right with a smaller volume fraction oriented superior/inferior and slightly through-plane.
Histological 3D FODs derived from ST analysis are shown as glyphs overlaid on histology in Fig. 3 , displaying two regions containing crossing fibers (left and middle columns) and a single fiber region (right column). This highlights the ability of our histological procedures to resolve fibers crossing within a voxel where both fibers are in-plane (left), as well as the ability to detect bundles of fibers crossing in a plane orthogonal to confocal acquisition (middle). In addition, the results from all eight reconstruction methods are displayed below the corresponding histological FOD. All methods (except DTI) demonstrate some ability to resolve the crossing fibers in generally the same orientations as revealed by the histological FOD. However, differences between dMRI methods are apparent, particularly in the sharpness and number of peaks. For example, at the two extremes, QBIr results in a smoother function over a sphere than PAS, which results in distinct, sharp peaks. Similarly, in the single fiber region, all methods show qualitative agreement with histology in fiber orientation, with the only differences being overall lobe width (or dispersion), and sometimes small spurious peaks (most readily apparent in PAS and DOT). (Fig. 4A) . The two methods with the highest ACC are those that estimate the FOD directly, sCSD and CSDlrd. Similarly, most methods show low JSD of <0.05, with the largest deviations occurring for PAS, DOT, and sCSD, respectively. The performance of each method with respect to estimation of the number of fiber populations in single fiber regions (Fig. 4C) shows that most methods consistently estimate a single peak. However, QBIcsa, DOT, and PAS consistently show the presence of FP peaks, with an average of~2 peaks in these single fiber regions. The ability of all methods to successfully identify the single peak remains high (SR>93% for HARDI models) for all methods (including DTI) (Fig. 4D) , however, the CF varies dramatically across models (Fig. 4E) . For example, PAS, QBIcsa, and DOT have low CF, largely due to the prevalence of false positive peaks. Finally, the angular error in single fiber regions is remarkably consistent across all methods, with a median value of~10 (Fig. 4F ).
The quantitative metrics show similar trends in crossing fiber regions (Fig. 4G-N) . The ACC is decreased slightly compared to that in single fiber regions (Fig. 4G ) with a median ACC between 0.7 and 0.76 for all methods except DOT and PAS, which indicate a lower overall angular correlation with the ground truth FOD. Similarly, the JSD remains low for all methods, with the largest deviations occurring for PAS, DOT, and sCSD, respectively (Fig. 4H) . In these regions, QBIcsa, DOT and PAS still contain a large number of FP peaks (Fig. 4I) , while QBIr and DOTr1 show the largest prevalence of FN peaks (Fig. 4J) , indicating the lowest ability to resolve crossing fibers. These two methods also show the lowest SR ( Fig. 4K) with all other methods able to resolve the multiple fiber populations >50% of the time. However, all methods have low CF in crossing fiber regions (Fig. 4L) , due to the frequency of FP and FN peaks. The median angular error of the primary peak (defined by histology) is consistently between 11 and 13 , a value slightly higher than that in single fiber regions. The exception to this is DTI (median value of 18 ), which is unable to resolve multiple fiber populations, and the primary orientation is expected to lie somewhere between the two dominant peaks. The angular error of the non-dominant peaks is larger still, with a median value between 16 and 20 for all HARDI methods (we note that if a given reconstruction method did not contain multiple peaks, its lone peak is included only in one of the angular metrics, the one giving the lowest error).
Crossing angle
To assess under which geometrical conditions these methods succeed/fail in crossing fiber regions, we re-examine the quality metrics as a function of fiber crossing angle (Fig. 5) . First, voxels were grouped by crossing angle and placed into bins with a width of 10 , ranging from those with intra-fiber angle <30 to a maximum angle of 80-90 . Each bin had a sample size of 10 or greater (Fig. 5J) . Crossing angle has very little effect on ACC (Fig. 5A) and JSD (Fig. 5B ) measures, although a slight increase in ACC with increasing angle is noticeable for PAS, QBIcsa, DOT, and sCSD. For all methods, the number of FP peaks is dramatically reduced as fibers cross at more orthogonal angles (Fig. 5C) , with a similar reduction in FN peaks for QBIcsa, DOT, CSDlrd, sCSD, and PAS at larger angles (Fig. 5D) . The reduction in both FP and FN peaks leads to a significant increase in SR (Fig. 5E ) and CF (Fig. 5F ) for all methods. In fact, QBIcsa, DOT, CSDlrd, sCSD, and PAS are able to successfully resolve nearly all peaks (SR near 1) at angle >80 .
Besides angles <40 , the angular error for both primary (Fig. 5G ) and secondary ( Fig. 5H ) fiber orientation is not dramatically affected by crossing angle. The increased angular error at small crossing angles is likely caused by reconstruction methods resolving multiple fiber populations, with only one accurately corresponding to one of the two histological peaks, and the other being a spurious peak and contributing to a larger error, or the dMRI finding only one peak with a primary orientation somewhere between the two true peaks.
Finally, Fig. 5I shows boxplots of the MRI-resolved angles (if the given reconstruction method was able to resolve multiple fiber populations) versus the histologically defined crossing angle. The shaded box highlights where the range of crossing angles should be if there was a perfect match in each histological angular bin. First, many methods do not show boxplots (or only have a single data point) in voxels with low crossing angles (in agreement with the low SR with these fiber geometries). Second, it is obvious that nearly all methods over-estimate the intra-voxel crossing angle. This effect is most noticeable in the 40-50 and 50-60 range. With very few exceptions, the MRI reconstruction methods consistently resolve fibers crossing at a more orthogonal angle than is suggested by the histological FOD.
Fiber dispersion
We next examine the effect of fiber orientation dispersion on accuracy of MRI reconstruction methods. Histological analysis revealed a range of dispersion in the confocal z-stacks. Fig. 6 provides a qualitative reference for the dispersion values investigated in this study, visualized as both 3D glyphs as well as surface distributions over a sphere. The ODI ranges from very highly aligned bundles with a low ODI (0.02-0.03, corresponding to a fiber spread of~7-9 ), to ODI more typical of WM voxels (0.08-0.13, a fiber spread of~17-19 ), to ODI > 0.40 (a fiber spread >37 ).
We begin by examining the relationship between fiber dispersion derived from the 3D histological FOD (in single fiber regions only) and those derived from MRI reconstruction methods, as well as the relationship between dispersion and accuracy of fiber orientation estimates. (Fig. 7) . Plots of histological ODI versus orientation error indicate a low, but significant, positive correlation for all methods (Fig. 7A) . Plotting the MRI-estimated ODI versus that from histology (Fig. 7B) shows moderate correlation for all methods, except for DOT. While correlation coefficients are similar, differences between methods are noticeable. For example, sCSD and PAS consistently result in low dispersion indices, while the QBI methods tend to overestimate ODI. Finally, for most methods, some form of an ODI lower bound is present, below which a resulting ODI is not possible due to either modeling assumptions, or the truncated spherical harmonic representation of the function.
A potential source of discrepancy between MRI and histological measures of dispersion could be the presence of false positive peaks estimated with dMRI, causing a bias in ODI estimation. We find that Fig. 3 . Effects of fiber geometry on reconstruction accuracy -qualitative results. Histological FODs are shown overlaid on confocal images for three z-stacks. Z-stack locations are shown as yellow boxes overlaid on 2D confocal montages (top). The voxels represent typical crossing fibers (left), fibers crossing both in-plane and through-plane (middle), and a typical single fiber regions (right). MRI data was analyzed at corresponding locations, and glyphs for all eight reconstruction methods are shown below each histological slice. Note that DTI results are displayed as the ADC profile.
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NeuroImage 165 (2018) 200-221 many of the histological single fiber voxels with larger dispersion were separated into two or more distinct FP peaks using all reconstruction methods (Fig. 7D) . In all cases, larger dispersion was significantly more likely to result in resolving 2 or more peaks. When voxels with FP peaks were removed from the analysis, all methods estimated dispersion indices with a much stronger correlation with histology ( Fig. 7C) , with correlation coefficients ranging from 0.52 for PAS to 0.74 for QBIcsa. Next, DTI FA shows a moderate, negative correlation with histological ODI, and the DTI angular error shows a small positive correlation (Fig. 7E) . Finally, the NODDI multi-compartment model has a much stronger overall correlation with histological ODI (Fig. 7F) than the HARDI models (compare to Fig. 7B ). We note that NODDI systematically overestimates the true ODI in our ex vivo experiments, although the line of best fit retains a slope near unity (m ¼ 1.09). However, there is also some low, but significant, correlation with the estimated intra-cellular volume fraction (ICVF) and isotropic volume fraction (ISOVF).
Effects of number of DW directions on reconstruction accuracy Qualitative results
We next examine the effects of the number of acquired DWIs (gradient directions) on reconstruction accuracy and quality metrics. Qualitative results are shown in Fig. 8 for three selected HARDI methods. Here we focus on a region with fibers crossing at acute angles (top), a region containing fibers crossing at near-orthogonal angles (middle), and a single fiber region (bottom). For sharp crossing angles (top), while significant differences exist between methods, there is very little noticeable change between the 64 and 96 direction glyphs within methods. At 32 directions, peaks tend to "blend" into each other (see QBIcsa and DOTr1) or orientations are no longer consistent with histology (sCSD). Remarkably, at regions of orthogonal crossings (middle) almost no difference is observable across gradient directions, with all methods visually indicating the presence of crossing fibers. Similarly, in single fiber regions (bottom) no difference is observed as the number of DWIs varies.
Single fiber and crossing fiber regions
Quantitative analysis of the effects of number of DW directions is shown in Fig. 9 . For these results, it is important to point out that the SH representation of all functions over a sphere use a maximum SH order of 4 for 20-24 directions, a maximum order of 6 for 28-44 directions, and a maximum order of 8 for 48 directions, or greater.
For single fiber regions, all methods show a slight decrease in ACC (Fig. 9A ) from 24 to 28 directions, and a slow, but consistent increase in ACC as directions increase (except for PAS). Also, there is little to no change in the rankings of the models across directions, for example sCSD and CSDlrd retain the highest ACC at all directions. Results for JSD (Fig. 9B) show very distinct changes when changing the SH order used to represent the functions. Specifically, the changes as the number of DW directions vary is much smaller than the changes in JSD when changing SH order, with noticeable increase in JSD at a 6th order representation. The response to changing number of directions as it relates to FP peaks varies across methods (Fig. 9C ). DOT and QBIcsa show an increasing prevalence of FP peaks as the number of DWIs increase, while PAS and CSDlrd show decreasing number of FP peaks, and QBIr and DOTr1 show very little change. The SR shows continuous improvement with increasing directions, with the greatest improvement apparent between 20 and 30 directions (Fig. 9D) . The CF (Fig. 9E) shows trends inversely mirroring that of the FP peaks; QBIr and DOTr1 retain high, but consistent CF, PAS and CSDlrd show increasing CF with directions, with DOT and QBIcsa decreasing in CF. Finally, the angular error (Fig. 9F) continually decreases with increasing directions, with all HARDI methods showing very similar results, and DTI indicating the largest overall error.
Results in crossing fiber regions show similar trends. All methods (except for PAS) indicate a slight increase in ACC (Fig. 9G ) with increasing directions, with the greatest increase occurring for CSDlrd (overtaking all other methods after 52 directions). Again, JSD is most sensitive to the SH order (Fig. 9H) , rather than number of directions, with 6th order showing the largest divergence from ground truth data. The number of FP peaks (Fig. 9I) again varies between methods, mirroring the trends seen in the single fiber analysis (see Fig. 9C ). In all cases increasing image volumes regularizes the reconstruction, resulting in decreasing FN peaks (Fig. 9J) , with the largest changes occurring between 20 and 30 directions, most notably for sCSD. Both the SR (Fig. 9K) and CF (Fig. 9L ) for all methods show consistent increases as DW directions increase, continuing all the way to the full 100 directions. All methods show consistent behavior in these trends, with no obvious "optimal" number above which increases are diminishing. Finally, all K.G. Schilling et al. NeuroImage 165 (2018) 200-221 methods (except DTI) show a slow, but continuous increase in orientation accuracy for both primary (Fig. 9M ) and secondary ( Fig. 9N ) fiber orientations, with larger improvements apparent for the primary fiber orientations.
Number of DW directions and crossing angle
The SR for all methods is plotted as a function of histological crossing angle and number of DW directions in Fig. 10 for all reconstruction methods. A few general trends are noticeable. Unsurprisingly, the SR increases as the intra-voxel angle increases (in agreement with Fig. 5E 
Effects of b-value on reconstruction accuracy
Qualitative results Finally, we examine the effects of diffusion weighting (b-value) on the MRI reconstruction methods. Qualitative results are shown in Fig. 11 for 3 select HARDI methods, in 3 different anatomical locations. Again, we have a region with near-orthogonal, clearly separated fibers (top), a region of sharp crossing fibers (middle), and a region with single fiber voxels (bottom). In these figures, it is apparent that the QBIr and CSDlrd methods are better able to resolve crossing fibers at higher b-values (>6000 s/mm 2 in these regions), which also result in sharper FOD/ODF profiles. For PAS, the profiles do not appear to get "sharper", but the orientations seem to differ across diffusion weightings. However, even at low b-values, all methods show a general agreement with the histologically defined FOD in crossing and single fiber regions. There are no readily apparent differences in the spherical profiles of the methods in the single fiber regions.
Single fiber and crossing fiber regions The effects of b-value on accuracy of MRI-reconstructions are shown in Fig. 12 for single fiber (top) and crossing fiber (bottom) voxels. For single fiber regions, the b-value has varying effects on ACC (Fig. 12A) , with methods like QBIr and DOTr1 showing clear improvement as bvalue increases, while DOT and sCSD show improvement at lower bvalues. For JSD (Fig. 12B) , most methods show an increased divergence at higher b-values, with exceptions for QBIr and DOTr1. QBIr retains a low number of FP peaks at all diffusion weightings (Fig. 12C) , PAS shows a decreasing FP rate once the b-value is increased above 3000 s/mm 2 , and all other methods show a clear increase in FP prevalence at higher bvalues. The SR (Fig. 12D ) remains high for all methods, with very little difference between methods, and little difference between b-values from 6000-12,000 s/mm 2 . However, the CF (Fig. 12E) is effected by the Fig. 6 . Histological dispersion in the brain WM. A range of fiber orientation dispersion is shown, ranging from low ODI (left) to high ODI (right). Dispersion is visualized with both 3D glyphs as well as orientation distributions on a sphere (for the center voxel of each stack). We note that ODI values between 0.08 and 0.13 are most typical of WM encountered in this study (in voxels containing single fiber populations).
K.G. Schilling et al. NeuroImage 165 (2018) 200-221 increased FP rate at high b-value, showing significant decreases for all HARDI methods. Finally, the angular error shows minor improvements at increasing b-values (Fig. 12F) , for all methods. The effects of b-value on MRI-reconstructions in crossing fiber regions show similar trends. The ACC (Fig. 12G) closely mirrors that in single fiber regions, although at a lower overall correlation. The JSD (Fig. 12H) indicates decreased performance at higher b-values for most methods, in particular DOT and PAS. Again, most methods show an increased number of FP peaks at larger diffusion weightings (Fig. 12I) , with the largest increases observed for CSDlrd and sCSD. PAS shows the opposite trend, with the QBI methods showing a decreased FP rate at b-values of 6000 and 9000 s/mm 2 . All methods show significant decreases in the number of FN peaks with b-values greater than 3000 s/mm 2 (Fig. 12J) . At a bvalue of 3000 s/mm 2 all methods consistently result in a single fiber population (a FN rate near 1). The decreased FN rate leads to increases in SR (Fig. 12K ) for all methods at higher b-value, with the largest differences seen between 3000 and 6000 s/mm 2 . Similarly, the CF (Fig. 12L ) remains low at a b-value of 3000 s/mm 2 , peaking at either a b-value of 6000 or 9000 s/mm 2 for all methods. Finally, the angular error is largest in both the primary (Fig. 12M) and secondary (Fig. 12N ) peaks for the bvalue of 3,000, with little change seen when increasing diffusion weightings beyond 6000 s/mm 2 .
B-value and crossing angle
The SR of all-reconstruction methods at all b-values is plotted as a function of histological crossing angle in Fig. 13 . As before, and for all bvalues, the resolving ability of all reconstruction methods increases as the crossing angle becomes larger. Also, for all methods, the data at b ¼ 3000 s/mm 2 consistently has the lowest SR for all fiber configurations. At the low b-value, PAS tends to be the most successful at resolving fibers, at all crossing angles. For all methods, the SR generally increases at higher b-values, with smaller differences between b ¼ 6000 and b ¼ 12,000 s/mm 2 . At the lower crossing angles, sCSD tends to have the highest success (at b-values of 6000 s/mm 2 or greater).
Discussion
While there are a large number of dMRI methods for estimating neuronal fiber orientation distributions, the correspondence between dMRI measures and realistic biological fiber architectures remains unclear. Towards this end, this study investigated the relationship between the 3D histologically-defined distribution of neuronal fibers (the FOD) and the corresponding dMRI estimated orientation distributions, implementing a wide range of high angular resolution diffusion imaging techniques. Estimates of fiber orientation and anisotropy have previously been reported in biological tissue (Budde and Annese, 2013) , and compared to DTI indices (Choe et al., 2012; Leergaard et al., 2010; Seehaus et al., 2015) and a high angular resolution QBI model (Leergaard et al., 2010) ; however, these methods have been limited to 2D histological measurements and small sample sizes. Recent work with confocal microscopy (Jespersen et al., 2012; Schilling et al., 2016) , optical coherence tomography (Wang et al., 2015) , and polarized light imaging (Axer et al., 2016; Mollink et al., 2017) extend the ability to extract the fiber orientation distributions to 3 dimensions. Still, no 3D histological validation of orientation and dispersion measures has been performed for any existing dMRI reconstruction techniques. Further, no histological validation study has presented a comparison of models, nor studied the effects of fiber geometry (crossing fibers, fiber dispersion) and acquisition parameters (number of DWIs, b-value, etc.) on their performance.
The most pertinent questions addressed in our study are whether the current generation of dMRI reconstruction methods allow us to adequately infer the underlying voxel-wise fiber orientations, and how algorithmic differences (including acquisition schemes, assumptions in modeling, descriptors used to characterize the intra-voxel structure, etc.) affect the fidelity of the resulting reconstruction. While we do not attempt a final ranking of the models (because the optimal technique is almost certainly going to depend on the intended goals and interests of the specific study) we are able to make some general observations, and report on the strengths and weaknesses of the tested dMRI algorithms.
All HARDI models are shown to describe the overall angular structure of the FOD, as evidenced by high ACC and low JSD in voxels containing both simple and complicated figure geometries (shown qualitatively in Fig. 3 , and quantified in Fig. 4) . Despite correlating well with the overall FOD shape, no method is consistently successful at extracting discrete measures of the number and orientations of FOD peaks. The major inaccuracies of all techniques tend to be in extracting or capturing local maxima of the FOD, resulting in either false positives and false negatives. Regardless of acquisition parameters, all methods show improved successes at resolving multiple fiber compartments in a voxel when fiber populations cross at near-orthogonal angles (Figs. 5, 10 and 13) . This is consistent with the literature on both phantoms (Lin et al., 2003; Tournier et al., 2008) and simulations (Alexander, 2005; Daducci et al., 2014) and describes one of the major hurdles to resolving crossing fiber populations. In addition, the ability to resolve crossing fibers increases for all reconstruction methods at increased diffusion weightings (Fig. 13) , often at the expense of increased FP peaks and an overall lower overall angular agreement with the histological FOD (Fig. 12) . Thus, although techniques tend to capture the overall continuous shape of the FOD, care must be taken when evaluating diffusion results, particularly with respect to estimates of number of fibers or fiber orientation based on local maxima of the FOD or ODF alone.
A comparison across methods showed that no HARDI model outperformed others in every quality criteria or experimental condition. There was nearly always a tradeoff in measures of accuracy. For example, PAS regularly had the highest rate of success in resolving crossing fibers, at acute angles with low b-values and fewer gradient directions, however it is plagued with FP peaks in all conditions, and consistently had the lowest overall angular agreement with the FOD in both single and crossing fiber regions. On the other end of the spectrum, QBIr rarely resulted in identification of multiple maxima of the ODF, however, resulted in some of the highest ACC and lowest JSD values in all acquisition conditions. At first glance, the lack of consistency across models and wide range of accuracy in describing the FOD may be disheartening, the most commonly implemented (single-shell) HARDI methods for the K.G. Schilling et al. NeuroImage 165 (2018) 200-221 last decade give varying results, and will almost certainly result in even more dramatic differences with subsequent fiber tracking. However, these results are unsurprising; the techniques all differ a great deal not only in modeling assumptions, but also what they aim to represent. One could envision a model based on the empirically derived FODs in this study, or some combination of techniques to obtain an optimal reconstruction. Another reassurance is that techniques show robustness to acquisition parameters including b-value (!6000 s/mm 2 for most methods in this ex vivo study) and number of DW directions, indicating that studies implementing the same reconstruction technique are likely to be comparable even with somewhat different acquisition parameters. The robustness to the number of acquired DW directions is particularly surprising. Upon introduction of many techniques, a large number of directions are used. For example, 492 (Tuch et al., 2003) , 252 (Tuch, 2004) , and 80 directions (Tournier et al., 2008) for QBI methods, 60 (Tournier et al., 2004) , 92 (Anderson, 2005) , and 80 directions (Tournier et al., 2008) for spherical deconvolution methods, and 82 (Ozarslan et al., 2006) directions for DOT methods. For many methods, validation studies (often through simulation) show that with a moderate number of directions (>~50), methods show success at describing fiber geometries (Alexander, 2005; Alexander and Barker, 2005; Prckovska et al., 2013; Wilkins et al., 2015) . Our results are generally in agreement with this observation, suggesting that many methods show an improvement at moderate numbers of directions (particularly in resolving intermediate crossing angles, Fig. 10) . However, the overall correlation with the histological FOD and other quality metrics (SR, false peaks) remain high for as few as 28 directions (Fig. 9) , a protocol common in many DTI schemes. Further, we find that some measures of quality (i.e. JSD and FP peaks) are largely influenced by the fit SH order used to represent that function on a sphere, an effect observed in previous reproducibility studies (Schilling et al., 2017c) .
In addition to validating HARDI methods' ability to capture orientation and number of fiber populations, we also validate the ability to capture another descriptor of fiber geometry, orientation dispersion. We tested a popular multi-compartment diffusion technique (NODDI) that estimates indices of neurites that may be more directly related to, and provide specific markers of, brain tissue microstructure. Measures of orientation dispersion may provide specificity for various pathologies (Billiet et al., 2014; By et al., 2017; Schneider et al., 2017; Wen et al., 2015) , as well as provide fiber "tract-specific" indices that can again correlate to pathology, or increase fiber tracking specificity (Dell'Acqua et al., 2013; Raffelt et al., 2012; Riffert et al., 2014) . Validation of dispersion measures has been performed for NODDI in the ex vivo spinal cord (Grussu et al., 2017) and on a 2-compartment dispersion model in the human corpus callosum (Mollink et al., 2017) . In this study, we evaluate both signal models (which primarily aim to recover only the angular component of the diffusion profile) and the NODDI multi-compartment model (Fig. 7) . We find that the FOD and ODFs from signal models can provide more information that just number of peaks and peak directions. Specifically, the width of the FOD (or ODF) lobe is correlated with the histological fiber dispersion, for all reconstruction methods (significant correlations from r ¼ 0.34-0.55). High dispersion typically results in false positive peaks which can lead to errors in dispersion measures when fitting to Watson (or multi-Watson) distributions. When removing false positive peaks from analysis, the correlation is much stronger (r ¼ 0.52-0.74). Despite the high correlation, there is an overall limited range of dispersion identifiable with these techniques. For example, PAS and sCSD result in consistently low ODI (and sharp peaks), while QBIr and QBIcsa consistently result in larger ODI values. In addition, we find that increasing dispersion leads to greater uncertainty in estimating the primary fiber orientation in a voxel. For the NODDI model, which explicitly estimates a dispersion index, we find a much greater overall correlation (without the removal of FP peaks because NODDI estimates only a single fiber compartment). Overall, this demonstrates that the orientation dispersion estimates from dMRI correlate well with tissue architecture, using both HARDI and the multi-compartment NODDI model. A recent study (Wedeen et al., 2012) proposed that the brain's white matter structure is organized in a pattern of parallel sheets by analyzing crossing fiber pathways using dMRI tractography. It was found that incident pathways cross nearly orthogonally in a grid-like or sheet-like structure, with this pattern found throughout white matter and across species. This pattern has significant implications with regard to development, evolution, and structural connectivity. However, it has been argued (Catani et al., 2012) that this grid pattern is likely an artifact due to the inherently low angular resolution of the proposed dMRI technique (which estimated the diffusion ODF), causing a bias towards orthogonal angles, making the grid pattern a likely apparent geometric configuration. Our results indicate that all methods studied show a bias towards orthogonal crossings (Fig. 5I) , regardless of true histological crossing angle, and regardless of whether the FOD or ODF (or any other function) is estimated. This would seem to argue in favor of a technical limitation causing an artefactual grid. However, we note that (although we did not perform systematic random sampling) it was much easier to find near-orthogonal crossings than crossing angles less than 50 in the histological sections we studied (Fig. 5J) . Future work should investigate the effects of reconstruction accuracy as spatial resolution varies. Because of the tradeoffs in spatial resolution, signal to noise ratio, and imaging time, optimizing the resolution for diffusion MRI (and subsequent analysis and/or tractography) is highly relevant to human in vivo imaging. Interestingly, recent work using MRI and high resolution histology has shown that the crossing fiber problem is not eliminated even with very high spatial resolution data (Schilling et al., 2017a) . However, it is expected that the angular accuracy of diffusion MRI estimates will increase at high spatial resolution (Gangolli et al., 2017) due to reduced geometric complexity or decreased fiber dispersion (Gangolli et al., 2017; Schilling et al., 2017a) .
While validation comparing dMRI and histology is the only validation method able to capture both the enormous complexity of the white matter in addition to the practical effects of image acquisition, it is not without limitations. Histology is technically complex due to tissue deterioration during preparation (shrinking, deformation, etc.). We have attempted to ameliorate the shrinkage with confocal image preprocessing, and a previous study describing the methodology (Schilling et al., 2016) shows an expected error of less than 5 when compared to manually traced fibers. In addition, to assess whether residual anisotropy or bias is introduced during confocal processing, we have evaluated the angular error as a function of the z-component of the histological FOD ( Supplementary Fig. 1 ) and found only very low correlations (maximum correlation of coefficient of jrj ¼ 0.20). Only one reconstruction method (DTI) showed a statistically significant correlation (interestingly, a K.G. Schilling et al. NeuroImage 165 (2018) 200-221 negative correlation as through-plane orientation increased). Together, this suggests that the angular error is largely independent of the histological FOD orientation. The multi-step registration procedure accounts for both deformation and tissue placement on the slide, and can result in localization errors on the order of the size of MRI voxels (Choe et al., 2011) , 300 μm in our study. Together, these may account for the slightly larger angular error than that seen in simulation studies (Alexander and Barker, 2005; Daducci et al., 2014; Jones, 2010; Landman et al., 2007) , however, a median angular error of 10 is consistent with previous 2D histological validation studies on DTI (Choe et al., 2012; Leergaard et al., 2010) . Thus, rather than a methodological limitation, this could indicate that the models used in simulation (often mixtures of Gaussians) are overly simplistic relative to the complicated true FOD that may not only contain disperse mixtures of fiber populations, but also varying microstructure affecting the motion of water, and anisotropic dispersion causing differences between the peak amplitude and something similar to an angular "center-of-mass" of the FOD. A further limitation is that confocal data, acquired in 50 μm tissue sections was compared to dMRI data acquired in 300 μm thick MRI sections. This comparison is based on the assumption that histological FODs change slowly in the slice direction, which is likely false in some fraction of voxels (and may account for some of the outliers in Figs. 4 and 12, for example). While the present research focused on distinguishing "single" and "crossing" fibers, this may be an oversimplification of the true geometry. For example, in our confocal data, fibers are often seen bending throughout the field of view, and even within a voxel. Voxels can have both a dispersion and/or bending of fibers, yet result in a single local maximum of the FOD. Future work should utilize confocal data to quantify not only fiber curvature and bending, but also characterize how fibers cross and fan out (or in) within the voxel, and how these geometries relate to the diffusion signal. One final limitation of our study is extrapolation of the ex vivo tissue and imaging conditions to that of in vivo. However, previous studies indicate that anisotropy and the angular dependence of the signal is preserved (Dyrby et al., 2011; McNab et al., 2009; Schilling et al., 2017b) , albeit at a lower diffusivity, thus care must be taken in interpreting the equivalent in vivo diffusion weightings for this study. Overall, there is no perfect validation method for dMRI, and we must rely on the accumulation of evidence from all approaches to validate and better understand the relationship between the dMRI signal and the tissue microstructure.
Conclusions
This work compared and evaluated fiber orientation distributions and orientation dispersion values derived from a number of diffusion MRI algorithms with those derived from histology. The algorithms included commonly implemented high angular resolution techniques for recovering intra-voxel fiber geometries, as well as a multi-compartment model. All reconstruction techniques are able to recover the overall angular structure of the FOD with some accuracy, with weaknesses in extracting discrete orientations and numbers of peaks. In addition, both HARDI methods and the microstructural model show high correlations with histologically defined orientation dispersion. These results can be used to identify the relative advantages of competing approaches, potential strategies for improving accuracy, and appropriate techniques to implement for answering specific research questions.
This results in a 3-by-3 symmetric, semi-positive definite, rank-two tensor. Making the assumption that the direction of minimal intensity variation is parallel to the fiber at each pixel, fiber orientation is given by the direction of the eigenvector corresponding to the smallest eigenvalue.
The certainty in estimated fiber orientation can be described by the Westin-measure (Westin et al., 2002) which characterizes how planar the structure tensor is: A.6) where λ 1 , λ 2 , and λ 3 are the primary, secondary, and tertiary eigenvalues of the structure tensor. This value varies from 0 to 1 and will be large in areas where the first two eigenvalues are much larger than the third. This measurement is used to threshold the confocal image, so voxels with low certainties are not included in the final orientation distribution.
For the results presented in this paper, the spatial derivatives were calculated using a Gaussian with standard deviation σ ¼ 1 μm, and spatial averaging performed using a Gaussian with standard deviation ρ ¼ 2.5 μm.
Appendix B. Measures of similarity on the unit sphere (ACC and JSD)
A method for calculating the correlation of functions over a sphere given the SH expansions of both functions is given in (Anderson, 2005) . Given two spherical functions and their spherical harmonic expansions:
Uðθ; φÞ ¼ The ACC of the functions is calculated as:
2)
The JSD was used to quantify the similarity between two FODs (or ODFs 
